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Abstract. Extracting vehicle information from surveillance images is essential for intelligent transportation systems,
enabling applications such as traffic monitoring and criminal investigations. While Automatic License Plate Recog-
nition (ALPR) is widely used, Fine-Grained Vehicle Classification (FGVC) offers a complementary approach by
identifying vehicles based on attributes such as color, make, model, and type. Although there have been advances in
this field, existing studies often assume well-controlled conditions, explore limited attributes, and overlook FGVC
integration with ALPR. To address these gaps, we introduce UFPR-VeSV, a dataset comprising 24,945 images
of 16,297 unique vehicles with annotations for 13 colors, 26 makes, 136 models, and 14 types. Collected from
the Military Police of Parana (Brazil) surveillance system, the dataset captures diverse real-world conditions, in-
cluding partial occlusions, nighttime infrared imaging, and varying lighting. All FGVC annotations were validated
using license plate information, with text and corner annotations also being provided. A qualitative and quantita-
tive comparison with established datasets confirmed the challenging nature of our dataset. A benchmark using five
deep learning models further validated this, revealing specific challenges such as handling multicolored vehicles,
infrared images, and distinguishing between vehicle models that share a common platform. Additionally, we apply
two optical character recognition models to license plate recognition and explore the joint use of FGVC and ALPR.
The results highlight the potential of integrating these complementary tasks for real-world applications.

Keywords: Intelligent Transportation Systems, Fine-Grained Vehicle Classification, Automatic License Plate Recogni-

tion, Surveillance.

1 Introduction

Extracting vehicle information from surveillance images is
a crucial aspect of Intelligent Transportation Systems (ITS),
enabling applications such as traffic monitoring and criminal
investigations [Yang et al., 2015; He et al., 2024a; Laroca
et al., 2025]. Traditional vehicle identification methods pri-
marily rely on Automatic License Plate Recognition (ALPR).
However, ALPR techniques are susceptible to partial occlu-
sions, viewpoint variations, and poor image quality, all of
which can degrade recognition performance [Fan and Zhao,
2022; Nascimento et al., 2024; Wojcik ef al., 2025].

Fine-Grained Vehicle Classification (FGVC) presents a
complementary solution by categorizing vehicles based on
attributes such as color, make, model, type, and year. Un-
like License Plates (LPs), these attributes are often more re-
silient to occlusions and viewpoint changes. Additionally, al-
though distinguishing visually similar vehicles is an inher-
ently complex task, recent research has achieved remarkable
results [Wang et al., 2020; Lu et al., 2023].

However, a review of the literature reveals that FGVC re-
search assumes at least one of the following controlled con-
ditions: fixed viewpoints, sufficient lighting, or high-quality
images. These assumptions fail to fully capture the chal-

lenges of real-world surveillance scenarios. Moreover, exist-
ing research frequently addresses make and model recogni-
tion separately from color and type recognition [Amirkhani
and Barshooi, 2023; Hu et al., 2023], hindering a comprehen-
sive exploration of vehicle attributes.

Another unexplored aspect in existing research is the inte-
gration of FGVC and ALPR, which could offer significant
benefits [Oliveira et al., 2021]. By cross-referencing FGVC
attributes with LP records, ALPR system errors can be iden-
tified, reducing false positives and enhancing information re-
trieval. Furthermore, FGVC can help refine the search space
for ALPR, particularly in forensic scenarios where LPs are
low-quality or occluded [Nascimento et al., 2025].

To bridge these gaps, we present the publicly available
UFPR Vehicle Surveillance (UFPR-VeSV) dataset, consist-
ing of 24,945 images of 16,297 unique vehicles. It includes
annotations across 13 color classes, 26 makes, 136 models,
and 14 vehicle types. Sourced from the Military Police of
Parana (Brazil) surveillance system, the dataset reflects di-
verse real-world conditions, including frontal and rear views,
partial occlusions, varying lighting, and nighttime infrared
imaging. LPs were manually annotated and used to retrieve
vehicle information for validating the FGVC annotations.
The dataset also includes annotations for both LP characters
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and corner coordinates.

To establish the value of the UFPR-VeSV dataset, this pa-
per makes the following contributions. First, we conduct a
comprehensive comparison with existing datasets to high-
light the dataset’s novelty. Second, we empirically validate
its challenging nature by showing that a simple transfer-
learning approach, effective on related datasets, fails to
achieve adequate results on ours. Third, we establish perfor-
mance baselines by benchmarking five deep learning models
for FGVC tasks and evaluating two optical character recog-
nition models for License Plate Recognition (LPR). Finally,
as a step toward a unified solution, we explore the integra-
tion of FGVC and ALPR and analyse its effectiveness for
enhancing vehicle information retrieval.

The dataset’s design, which prioritized high-quality
FGVC annotations, resulted in the exclusion of truly uncon-
strained ALPR scenarios (see Section 3.2). This limitation
likely explains the high LPR performance, which surpassed
individual FGVC tasks. Despite this observation, the experi-
ments confirm that integrating ALPR and FGVC is a promis-
ing strategy for enhancing vehicle information retrieval. This
joint analysis represents a significant step toward a unified
approach, and the challenges identified herein provide a foun-
dation for future research.

A preliminary version of this research was published at the
2024 Conference on Graphics, Patterns, and Images (SIB-
GRAPI) [Lima et al., 2024]. This work expands upon that
study in several key aspects. First, we broaden the scope
beyond vehicle color recognition to include the recogni-
tion of vehicle make, model, and type. We also introduce
a larger and more diverse dataset that more accurately re-
flects real-world conditions. To highlight its contributions,
we compare the proposed dataset with prominent existing
ones in ALPR and FGVC. Additionally, the methodology
has been enhanced through the integration of an additional
deep-learning model, along with improvements in training
and evaluation procedures. Lastly, we present LPR results
on the new dataset and introduce a novel contribution by in-
tegrating our best-performing LPR and FGVC methods.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews related work. Section 3 introduces the UFPR-
VeSV dataset. Section 4 provides a comparative analysis with
existing datasets. Section 5 presents the experimental evalu-
ation of FGVC tasks. Section 6 details the experimental eval-
uation of LPR and its subsequent integration with FGVC. Fi-
nally, Section 7 concludes the paper and discusses future re-
search directions.

2 Related Work

This section provides an overview of recent studies and
datasets in the fields of FGVC and ALPR. Section 2.1 fo-
cuses on vehicle color recognition, while Section 2.2 covers
vehicle make and model recognition, and Section 2.3 is re-
lated to vehicle type recognition. Section 2.4 reviews ALPR-
related research. A differentiation of existing studies and this
work is presented separately in Section 2.5.
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2.1 Vehicle Color Recognition

Vehicle color recognition plays a significant role in vehi-
cle identification, as color information is visually distinctive,
less affected by occlusions, and remains stable across view-
points [Chen et al., 2014]. Early studies used small datasets
captured in controlled environments, relying on handcrafted
feature extraction methods combined with machine learning
classifiers for color prediction [Baek et al., 2007; Son et al.,
2007; Dule et al., 2010]. These works laid the groundwork
for more robust and advanced methodologies.

The first large-scale, publicly available dataset for this task
was introduced by Chen et al. [2014], comprising 15,601
frontal-view images categorized into eight colors. Their ini-
tial approach employed a region-of-interest selector and sup-
port vector machines. Due to its diverse conditions — in-
cluding variations in lighting, haze, and overexposure — the
dataset became a popular benchmark for subsequent research
using Convolutional Neural Network (CNN) models [Fu
et al., 2020; Zhang et al., 2018; Hu et al., 2015].

Following that, researchers have introduced new datasets
with new scenarios to be explored. Wang et al. [2021] pro-
posed a dataset of 32,220 rear-view images, classified into
11 colors and 75 subcategories, and explored a hybrid CNN-
Vision Transformer (ViT) model for recognition. Hu et al.
[2023] introduced the Vehicle Color-24 dataset, consisting
of 31,232 frontal-view images distributed across 24 color
classes, and developed a CNN with multi-scale feature fu-
sion and a specialized loss function to address class imbal-
ance, reaching promising results.

More recently, in [Lima et al., 2024], we introduced
UFPR-VCR, a dataset designed to capture real-world chal-
lenges such as partial occlusions and nighttime conditions. It
consists of 10,039 images taken under varying conditions,
including both frontal and rear views. By evaluating four
deep learning architectures, we achieved a peak accuracy
of 66.2%, highlighting the complexity of color recognition
in unconstrained environments and underscoring the impor-
tance of investigating such scenarios.

2.2 Vehicle Make and Model Recognition

Vehicle make and model recognition is a challenging task
in FGVC due to its high intra-class variability and low
inter-class differences [Wang et al., 2020; Oliveira et al.,
2021]. Early research in this area began with the Stan-
ford Cars-196 dataset [Krause et al., 2013a,b], which com-
prises 16,185 web-sourced images from 196 vehicle mod-
els. The initial benchmark, achieved using the BubbleBank
algorithm [Deng et al., 2013], was later surpassed by deep
learning-based approaches [Yu et al., 2022; Lu et al., 2023],
which have since become the standard in the field.

To better reflect real-world conditions, Yang et al.
[2015] introduced CompCars, a dataset containing both
web-sourced and surveillance images. Its surveillance sub-
set (CompCars-SV) includes 44,481 frontal-view images
of 281 vehicle models annotated with multiple attributes.
Similarly, Sochor et al. [2016] developed the BoxCars
dataset, consisting of 63,750 surveillance images with multi-



viewpoint data and 3D bounding box annotations, further
challenging the recognition of vehicle make and model.

Wang et al. [2020] introduced MPF-Cars, a large-scale
dataset with 335,011 images from 2,019 models and 180
manufacturers. Their proposed three-branch CNN model
leveraged full-vehicle, front, and logo views to improve iden-
tification performance. Likewise, Kuhn and Moreira [2021]
presented BRCars, a dataset of 300,325 images covering
427 car models from online advertisements. Differently from
related works, the dataset includes both exterior and inte-
rior view images, with recognition performed without distin-
guishing between the two.

Recent research has focused on advancing recognition
methods and scenarios. Amirkhani and Barshooi [2023] in-
troduced the DeepCar 5.0 dataset, utilizing CNNs to analyze
vehicle headlights, grilles, and bumpers for enhanced recog-
nition. Additionally, Wolf ef al. [2024] explored an open-set
recognition scenario and proposed a knowledge-distillation-
based label smoothing approach, improving both closed-set
and open-set recognition on the CompCars-SV dataset.

2.3 Vehicle Type Recognition

Vehicle type recognition provides a coarse-grained classifica-
tion level when compared to vehicle make and model recog-
nition, distinguishing between categories such as cars, trucks,
and motorcycles. Early studies used handcrafted feature ex-
traction methods applied to small and limited datasets [Fer-
ryman et al., 1995; Jolly et al., 1996; Lai et al., 2001; Wu
et al., 2001; Ma and Grimson, 2005].

Dong et al. [2015] pioneered the use of deep learning
in recognizing vehicle type and introduced BIT-Vehicle, a
dataset of 9,850 high-resolution frontal-view images from
six types. Hu et al. [2017] later proposed a multi-task CNN
for joint vehicle localization and type recognition, and pre-
sented the SY SU-Vehicle dataset with 5,000 web-sourced im-
ages and five classes. Later, Shvai ef al. [2020] expanded the
field by compiling a dataset of 73,638 toll booth images and
integrating CNN features with optical sensor data.

Recent studies have explored unconventional scenarios to
improve recognition under challenging conditions. For ex-
ample, Basak and Suresh [2024] employed residual dense
networks to generate super-resolved images, enhancing accu-
racy in low-resolution images. In a different approach, Luo
et al. [2024] developed a method for satellite imagery, com-
bining DenseNet [Huang et al., 2017] and Transformer-in-
Transformer [Han et al., 2021] layers to extract fine-grained
spatial features.

2.4 Automatic License Plate Recognition

ALPR systems typically comprise two main components: Li-
cense Plate Detection (LPD) and LPR [Laroca et al., 2023b,
2025]. LPD identifies the license plate region within an im-
age, while LPR extracts and interprets the characters. One
of the earliest widely adopted datasets within the area is
AOLP [Hsuetal.,2013], which includes 2,049 images across
three subsets, each tailored to different ALPR applications.

Further research aimed to improve evaluation scenarios
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proposing datasets such as PKU [Yuan ef al., 2017], SSIG-
ALPR [Gongalves et al., 2018], and UFPR-ALPR [Laroca
et al., 2018]. Nevertheless, Xu et al. [2018] identified limita-
tions within those datasets in either scale (containing fewer
than 10,000 images) or diversity. This led to the creation
of CCPD, a large-scale dataset with 250,000 images cap-
tured by roadside parking management personnel using hand-
held cameras.

Further expanding dataset diversity, Laroca et al. [2022]
introduced RodoSol-ALPR, a dataset of 20,000 toll booth im-
ages collected under varying conditions, including different
times of day, weather scenarios, and camera distances. It was
the first publicly available dataset within the field to include
Mercosur license plates. Additionally, it remains the largest
dataset with annotated motorcycle images.

Recent research has focused on improving feature extrac-
tion to better handle generalization in real-world scenarios.
Rao et al. [2024] and Liu et al. [2024] utilized spatial atten-
tion mechanisms to enhance both LP detection and recogni-
tion. Moreover, Liu et al. [2024] explored the use of syntheti-
cally generated data to increase dataset diversity, demonstrat-
ing its effectiveness in enhancing recognition performance.

Lastly, it is worth pointing out the work from Oliveira ez al.
[2021], which introduced the Vehicle-Rear dataset. It con-
tains 3,000 rear-view images with extra annotations for ve-
hicle color, make, and model. The authors proposed a dual-
stream CNN network and integrated vehicle appearance fea-
tures with LPR to perform vehicle identification. Despite in-
cluding annotations suitable for both ALPR and FGVC tasks,
the dataset was not explored for the latter.

2.5 Key Differentiators and Contributions

This work’s primary contribution is the introduction of the
UFPR-VeSV dataset, designed to capture vehicles under
challenging surveillance conditions often absent in existing
benchmarks. Beyond its capture conditions, the dataset intro-
duces novel complexities for FGVC tasks. For color recog-
nition, it includes scenarios rarely addressed in the literature,
such as infrared images and multicolored vehicles. For type
recognition, a finer class granularity is employed to distin-
guish between challenging categories (e.g., motorcycles ver-
sus scooters). For model recognition, the dataset includes ve-
hicles that are visually similar due to shared manufacturing
platforms, even across different vehicle types. The dataset
also incorporates rear-view images of trucks with obstructed
bodies and motorcycles.

Finally, our research methodology sets this work apart.
First, we not only evaluate FGVC tasks in isolation but also
assess the methods for vehicle color, make, model, and type
recognition jointly, revealing specific challenges in that com-
bined context. Second, we benchmark LPR methods on our
proposed dataset. Finally, we conduct a specific analysis inte-
grating the outputs of both LPR and FGVC models. This uni-
fied approach allows us to investigate recognition challenges
under adverse conditions and showcase how these comple-
mentary systems can be combined.



3 UFPR-VeSV Dataset

UFPR-VeSV comprises 24,945 images of 16,297 unique ve-
hicles, specifically designed to support FGVC research in
real-world surveillance scenarios. It encompasses vehicles
classified into 13 colors, 26 makes, 136 models, and 14 types.
The dataset exhibits a highly unbalanced distribution across
these attributes (see Figure 1), reflecting the characteristics
of Brazilian traffic [Ministério dos Transportes, 2024; Farias
and Croquer, 2023; Celestino, 2021]. This poses a challenge
for recognition models, which often struggle with underrep-
resented classes [Huang ef al., 2016; Ochal ef al., 2023].

The images were sourced from the Military Police of
Parana’s surveillance system within a single municipality,
captured by distinct cameras positioned on highways, urban
streets, and rural roads. The cameras operate under diverse
conditions, capturing vehicles from varying angles and dis-
tances, with environmental factors such as lighting, weather,
and motion blur influencing image quality. Additionally, ap-
proximately 3% of the images were manually captured by
police officers during monitoring operations, introducing fur-
ther data variety.

Although the dataset is designed to focus on a single vehi-
cle per image, additional vehicles may appear due to camera
positioning and perspective, as shown in Figure 2. In some
cases, multiple LPs are visible but partially occluded. These
scenarios are retained to reflect real-world conditions and the
challenges they pose for ALPR and FGVC-based systems.

Figure 2. Examples of images featuring multiple vehicles due to camera per-
spective. The background vehicle is highlighted with a green border, while
the main vehicle is shadowed to enhance contrast.

The dataset spans a wide temporal range, including both
daytime and nighttime conditions. While timestamps are
not available, images are categorized by the camera’s cap-
ture mode. Nighttime images, primarily captured in infrared
mode, account for 5,372 images (21.5%). While infrared
imaging improves visibility in low light, it also presents chal-
lenges, such as reduced contrast in fine details and potential
overexposure from vehicle headlights (see Figure 3).

(¢) Light overexposure

(a) Adequate
Figure 3. Examples of infrared images under varying conditions: (a) opti-
mal visibility with enhanced perception, (b) reduced contrast affecting detail
clarity, and (c) overexposure caused by vehicle headlights.

(b) Reduced contrast

Another factor contributing to the diversity of the dataset is
the viewpoint of the vehicles. UFPR-VeSV captures multiple
viewpoints, including frontal, rear, three-quarter, and high-
angle perspectives. To standardize annotations, each image is
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(b) Distribution of vehicle makes in the UFPR-VeSV dataset.
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Figure 1. Distribution of vehicles across the attributes of color (a), make (b),
model (c) and type (d) in the UFPR-VeSV dataset. For better visualization,
only the 30 most common vehicle models are displayed in (c), representing
63.7% of the total images.

categorized as either front or rear view based on the visibility
of the LP. As a result, the dataset contains 13,842 rear-view
and 11,103 frontal-view images.

The dataset contains 16,297 LPs with two distinct layouts:
Brazilian (5,171 LPs) and Mercosur (11,126 LPs). These
LPs are captured under diverse conditions, including vary-



ing angles, resolutions, and levels of noise (see Figure 4).
We remark that 0.2% of the LPs contain illegible characters.
These images were retained due to their minimal impact on
overall performance, their representation of real-world ob-
structions and degradations, and their non-interference with
FGVC tasks. Importantly, accurate LP information was suc-
cessfully retrieved even in cases involving occlusion (see
Section 3.2 for annotation details).
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Figure 4. Example of LPs cropped from images captured under diverse con-
ditions, showcasing variations in resolution, perspective, and image quality.
The corresponding annotated LP text is shown below each image.

Regarding ALPR, the UFPR-VeSV dataset includes anno-
tations for both LP characters and corner coordinates. Fig-
ure 5 shows the character distribution across the seven LP
positions in the proposed dataset. While digits are relatively
evenly distributed, letters exhibit significant imbalances: LPs
are more likely to start with certain letters, such as “A”
and “B”. Character distribution in ALPR datasets is inher-
ently imbalanced due to region-specific LP allocation poli-
cies [Gongalves et al., 2018; Laroca et al., 2022].

9000

mmm Position 1

8000 I B Position 2
Position 3

7000 Position 4
Position 5
Position 6
Position 7

6000

u
o
S
S

4000

Frequency

3000

2000

1000

0123456789ABCDEFGHI JKLMNOPQRSTUVWXYZ
Character

Figure 5. Distribution of LP character classes in the UFPR-VeSV dataset.

With the dataset’s key characteristics established, the fol-
lowing sections detail its creation process. Section 3.1 elabo-
rates on the image selection and preprocessing methods. Sec-
tion 3.2 describes the annotation methodology, including LP
text labeling and FGVC attribute verification. Section 3.3 de-
fines the dataset splitting protocol to ensure reproducibility.
Finally, Section 3.4 discusses the privacy safeguards imple-
mented to address ethical considerations.

3.1 Image Collection and Preprocessing

Initially, 30,240 images were collected from the Military Po-
lice of Parana’s surveillance system. Each image was man-
ually inspected to evaluate its suitability for the study, fol-
lowed by a filtering process to eliminate samples that did
not meet the research criteria. A total of 1,253 images were
discarded due to factors such as extreme LP occlusions, se-
vere image degradation, and poor vehicle framing. Further-
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more, the images were grouped based on LP information,
and highly similar samples — such as those with similar view-
points and lighting conditions — were removed, resulting in
the exclusion of an additional 4,042 images.

As the police system collects images from various surveil-
lance sources, the dataset exhibited inconsistencies in format.
Some images were already cropped around vehicles, while
others included significant background content. To standard-
ize the dataset, the YOLOv11 model [Ultralytics, 2025] was
employed for vehicle detection and precise cropping. This
model was selected due to its strong detection performance
and its widespread adoption in both academic and industrial
applications [Nyi Myo et al., 2025; He et al., 2024b; Khanam
and Hussain, 2024].

A manual review was carried out to ensure proper vehicle
cropping, especially in images containing multiple detected
vehicles. Manual intervention was also necessary in cases
where the model failed to detect a vehicle or produced inac-
curate results. This was particularly important in challenging
scenarios, such as motorcycles captured in low-light condi-
tions or vehicles appearing at a distance.

Additional standardization was performed to address the
presence of green borders found in some pre-cropped images.
To ensure visual consistency, a 5-pixel border was removed
from all sides of each image. A manual review was then con-
ducted to verify that no LPs were significantly affected or
occluded by this adjustment. Figure 6 illustrates an example
of this issue and the resulting image after processing.

(a) Original
Figure 6. Example of border standardization. (a) original image with a green
border; (b) result after removing a 5-pixel margin from all sides.

(b) Processed

Finally, it is important to highlight that the images were
not resized to uniform dimensions. As a result, the dataset
retains a variety of image sizes, with widths ranging from 89
to 2,110 pixels and heights from 135 to 1,408 pixels. This
approach prevents distortions that could affect recognition
tasks, allowing resizing to be handled as needed for specific
models and applications.

3.2 Annotation Process

LP text annotations were initially performed manually and
subsequently used to automate the retrieval of FGVC at-
tributes via the Brazilian National Traffic Secretariat (SENA-
TRAN) database. The retrieved vehicle information was then
manually verified against the vehicle’s visual appearance to
ensure consistency. In cases of discrepancies, the LP text was
re-annotated manually, followed by another round of auto-
mated retrieval and verification of the FGVC attributes.

The use of manually annotated LPs during the FGVC anno-
tation process carries an important implication: the LPs in the
dataset are human-recognizable. While the dataset captures
an unconstrained surveillance scenario for FGVC tasks, the



ALPR context had to be restricted to ensure LP readability.
This introduces a limitation in fully replicating real-world
conditions, as it substantially reduces the presence of chal-
lenging cases typically faced by ALPR systems.

However, this limitation represents a necessary step to-
ward advancing FGVC research and its integration with
ALPR. To date, no existing study has jointly addressed ve-
hicle color, make, model, and type recognition, nor explored
their combined use with LP recognition (as detailed in Sec-
tion 2). The primary goal of UFPR-VeSV is to establish a
foundation for future research in this direction. We anticipate
that future datasets will build upon and enhance the scenar-
ios and discussions presented here, ultimately contributing to
the progress of both FGVC and ALPR fields.

To better support FGVC-related tasks, the color, make,
and model annotations in the UFPR-VeSV dataset were re-
fined to maximize its utility across all attributes. These ad-
justments aimed to include previously overlooked scenarios,
enabling a more comprehensive evaluation of their impact on
recognition performance and better reflecting the challenges
of real-world ITS applications.

Infrared images were grouped into a dedicated color class
due to their inherent lack of color data. Vehicles officially
categorized or visually similar to multicolored — a non-literal
translation of fantasia in Portuguese, used when no predom-
inant color is identifiable — were also retained in their own
color class. Motorcycles and scooters had color, make, and
model attributes reassigned to an “unknown” class due to
their underexplored nature in FGVC literature and the limited
visual information from these images (Figure 7a). The same
strategy was applied to rear-view truck-like vehicles, where
cargo compartments frequently obstruct the main body, mak-
ing accurate FGVC impossible (Figures 7b and 7c).

Figure 7. Examples of vehicles assigned to the “unknown” class for color,
make, and model annotations: (a) a red Yamaha motorcycle; (b) a white
Volkswagen truck; (c) a red Mercedes-Benz truck. In all cases, the main
body of the vehicle is obstructed, rendering the identification of color, make,
and model impossible.

Classes with fewer than 25 samples were adjusted to
reduce extreme class imbalance. Underrepresented colors
were merged into visually similar classes (e.g., purple into
blue, garnet into red, gold into beige) while underrepre-
sented make/model were consolidated into a generic “others”
class. Additionally, vehicle models from different production
years were grouped into a single class, in contrast to related
datasets [Yang et al., 2015; Kuhn and Moreira, 2021]. This
decision was made to avoid excessive fragmentation, ensur-
ing both class balance and experimental reliability.

Corner annotations were obtained for each LP using a
two-stage approach. We use a YOLOvI1 model [Ultralyt-
ics, 2025] to detect the LP regions within the input image,
and then CDCC-NET [Laroca et al., 2021] regressed the cor-
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ner coordinate values. Both models were fine-tuned on pop-
ular public datasets collected from multiple regions, such as
AOLP [Hsu et al.,2013], UFPR-ALPR [Laroca et al., 2018],
CLPD [Zhang ef al., 2021], among others. A matching algo-
rithm was used to handle multiple detections within an im-
age, assigning a match if all LP corners fell within the vehi-
cle’s bounding box. In cases where multiple plates were vis-
ible (as in Figure 2), manual identification was performed.
Manual corrections were applied when the YOLOv11 model
misidentified non-LP textual regions.

Additional annotations — such as vehicle viewpoint and
camera capture mode — were manually labeled and carefully
verified to improve the overall quality of the dataset.

3.3 Splitting Protocol

To ensure robust and unbiased model evaluation on the
UFPR-VeSV dataset, we developed a custom 5-fold evalu-
ation protocol. This methodology is specifically designed to
prevent data leakage and mitigate partitioning bias, thereby
providing a more reliable estimate of a model’s true general-
ization performance.

The protocol begins by partitioning the entire dataset into
five non-overlapping folds, a process governed by two criti-
cal constraints. The first constraint is the prevention of data
leakage, an issue that can lead to overly optimistic perfor-
mance estimates [Laroca et al., 2023a]; this is achieved
by confining all images of the same vehicle (i.e. with the
same LP) to a single fold. The second constraint is multi-
attribute stratification, where partitioning is performed simul-
taneously across all four vehicle attributes — color, make,
model, and type — to ensure each fold preserves the class dis-
tribution of the original dataset as close as possible.

Following that, we generated ten distinct 3:1:1 train-
validation-test splits from the five folds. Our protocol is de-
signed to deterministically use each of the C'(5,3) = 10
unique combinations of three folds as the training set exactly
once. To achieve this, each of the five folds (indexed 0 to 4) is
used as the test set exactly twice. The two validation sets for
that test set are then assigned using the rules val, = (test+1)
(mod 5), and val, = (test + 2) (mod 5). The training set
for each split is subsequently formed by the three remain-
ing folds. The specific files defining all train-validation-test
splits are publicly available to ensure reproducibility.

3.4 Privacy concerns

To comply with ethical and legal guidelines, privacy-
sensitive elements were addressed. While LPs do not con-
stitute personal data in Brazil — since they cannot be directly
linked to vehicle owners — some images contain identifiable
faces of drivers or pedestrians. To mitigate this, the Reti-
naFace model [Deng et al., 2020] was employed to detect
facial regions for further blurring. After automated process-
ing, a manual verification step was conducted, allowing for
minor corrections to ensure the quality and effectiveness of
the anonymization process.



4 Comparative Analysis

This section provides a two-stage comparative analysis to
highlight the contributions of the UFPR-VeSV dataset. First,
a qualitative analysis (Section 4.1) reveals that preceding
benchmarks are often limited and fail to capture real-world
diversity, rendering them less complex. Subsequently, a
quantitative analysis (Section 4.2) provides empirical evi-
dence for this claim.

4.1 Qualitative Analysis

Table 1 provides a structured comparison of related datasets.
The total number of images and unique vehicle identities are
also included. When details were not provided in the origi-
nal studies, they are marked as unknown (unk.). The num-
ber of classes is omitted to prevent inconsistencies, as dif-
ferent datasets may define class labels in varying ways. For
instance, some datasets merge make and model information
into a single class, while others treat them hierarchically.

Table 1. Comparison between UFPR-VeSV (proposed in this work)
and related datasets.

Annotations

Dataset Images  Vehicles Source  Viewpoint
Color Make/Model Type ALPR

Ferryman et al. [1995) 176 unk. Field  Frontal/Rear - v

Jolly et al. [1996] 393 unk. Field  n/a - v

Lai et al. [2001] unk. unk. Field  Rear - v

Wu et al. [2001] 800 unk. Field  Frontal - v

Ma and Grimson [2005] unk. unk. Field  Frontal - v

Back et al. [2007) 500 unk. Field  Frontal v -

Dule et al. [2010] 1,960 unk. Field  Frontal v - - -
AOLP [Hsu et al., 2013] 2,049 1286 Field  Frontal/Rear - - - v
Stanford Cars-196 [Krause ef al., 2013a] 16,185 unk. Web  FrontalRear - v -
Chen et al. [2014] 15,601 unk. Field  Frontal v - - -
BIT-Vehicle [Dong ef al., 2015] 9,850 unk. Field  Frontal - - v -
CompCars-SV [Yang et al., 2015] 44,481 unk. Field  Frontal v v - -
BoxCars [Sochor ef al., 2016] 63750 21250 Field  Frontal/Rear v -
SSIG-ALPR [Gongalves et al., 2018] 2,000 815 Field  Frontal/Rear - v
PKU [Yuan et al., 2017] 3977 1,933 Field  Frontal - - - v
SYSU-Vehicle [Hu et al., 2017] 5,000 unk. Web  FromtalRear - . v .
CCPD [Xu et al., 2018] 250,000 unk. Field  Frontal/Rear - v
UFPR-ALPR [Laroca ef al., 2018] 4,500 150 Field  FrontalRear - - - v
Shvai ef al. [2020] 73,638 unk. Field  Frontal - - v -
MPF-Cars [Wang et al., 2020] 335,011 71,305  Field Frontal - v - -
BR-Cars [Kuhn and Moreira, 2021] 300,325 52,000  Web Frontal/Rear - v - -
Vehicle-Rear [Oliveira ef al., 2021] 26,160° 2966 Field  Rear v v - v
Wang ef al. [2021] 32,220 unk.  Field  Rear v - - -
RodoSol-ALPR [Laroca et al., 2022] 20,000 12,785 Field  FrontalRearl - - v
DeepCar 5.0 [Amirkhani and Barshooi, 2023] 40,185 unk. Web  Frontal - v - -
Vehicle Color-24 Hu et al. [2023] 31,232 unk. Field  Frontal v - -

Basak and Suresh [2024] unk. Field  Frontal/Rear v

Luo et al. [2024] 57,984 unk. Field  n/a - v
UFPR-VCR [Lima et al., 2024] 10,039 9502 Field  Frontal/Rear v - - -
UFPR-VeSV (ours) 24945 16297 Field  FrontalRear v/ v v v

“Counting reported for Vehicle-Rear vehicle frames.
FOnly motorcycle images are rear-view.

Following the FGVC literature, we also categorize
datasets based on their image sources. Field-sourced datasets
are derived from surveillance or traffic monitoring systems,
capturing vehicles in their natural operational conditions. In
contrast, web-sourced datasets comprise images gathered on-
line from advertisements and curated photographic scenes.
Although web-sourced datasets contribute to FGVC research,
they often fail to reflect real-world surveillance conditions.

Datasets are further categorized based on the images’
viewpoint. Frontal and rear viewpoints indicate which plate
is in view. Other perspectives are labeled as not applicable
(n/a) due to the absence of a visible plate, which are needed
for our ALPR experiments and its integration with FGVC.

As Table 1 illustrates, most datasets specialize in either
FGVC or ALPR, and FGVC benchmarks typically treat at-
tributes like color, type, and make/model independently. The
only exceptions that annotate all these attributes are Vehicle-
Rear and UFPR-VeSV. However, Vehicle-Rear is limited to
3,000 unique vehicles from a single viewpoint and was not
used for FGVC in its original study. In contrast, UFPR-VeSV
provides a more diverse collection of over 16,000 distinct ve-
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(d) Images from UFPR-VeSV, proposed in this work.

Figure 8. Representative images from three public datasets and UFPR-
VeSV. Our dataset features significantly more challenging scenarios, with
vehicles captured from diverse viewpoints, environments, lighting condi-
tions, image quality levels, and nighttime infrared imaging.

hicles captured from multiple viewpoints and under varied
real-world conditions.

A common limitation among existing datasets is the lack
of scenario diversity (illustrated in Figure 8). Datasets for
vehicle color recognition are collected under controlled con-
ditions, creating optimistic conditions that artificially boost
recognition accuracy [Lima et al., 2024]. Similarly, while
other established datasets (e.g., CompCars-SV and RodoSol-
ALPR) incorporate variations in weather and time, they still
lack diversity in viewpoints and capture locations. In con-
trast, UFPR-VeSV introduces more diverse and challenging
scenarios, capturing vehicles under varying illumination, par-
tial occlusions, and complex real-world conditions.



4.2 Quantitative Analysis

This section presents an empirical evaluation designed to
highlight the limited diversity and lack of challenging sce-
narios in related datasets. To this end, we benchmarked five
deep learning classifiers on two widely used datasets — Chen
et al. [2014] dataset for color recognition and CompCars-
SV [Yanget al.,2015] for model recognition — and contrasted
their performance against the UFPR-VeSV dataset.

The evaluation considered five architectures: EfficientNet-
V2 [Tan and Le, 2021], MobileNet-V3 [Howard et al., 2019],
ResNet-50 [He et al., 2016], Swin Transformer-V2 [Liu
et al., 2022], and ViT-b16 [Dosovitskiy et al., 2021]. They
were chosen due to their strong performance in computer vi-
sion tasks, broad support across deep learning frameworks,
and adoption in related work [Hassan et al., 2021; Kuhn and
Moreira, 2021; Lima et al., 2024].

To isolate the effect of dataset complexity, a controlled
transfer-learning strategy was employed, inspired by our
prior work [Lima ef al., 2024]. This approach establishes a
baseline for comparison. Each classifier was initialized with
ImageNet-pretrained weights, and only the final classifica-
tion layer was trained to adapt to the target classes.

All classifiers were trained for up to 500 epochs using the
Adam optimizer (5; = 0.9, 85 = 0.999), Cross-entropy loss,
a batch size of 128, and a weight decay of 10~°. We used an
initial learning rate of 1073, reduced by a factor of 10 af-
ter ten epochs of stagnant validation performance; an early-
stopping condition was triggered after 15 epochs without im-
provement. All images were resized to a 224 x 224 input,
preserving the aspect ratio by scaling the longest side and
padding the shorter side. The training set was subjected to an
additional data augmentation pipeline (random rotation, scal-
ing, shearing, brightness/contrast adjustments, motion blur,
and random masking'). As the final step for all images, nor-
malization was applied using the standard ImageNet mean
and standard deviation.

The evaluation was conducted using specific protocols
for each dataset: our custom splitting protocol for UFPR-
VeSV (see Section 3.3), the methodology from our prior
work [Lima et al., 2024] for Chen et al. [2014] dataset,
and the original protocol for CompCars [Yang et al., 2015].
Classification performance was measured using macro ac-
curacy (Ma-Acc), micro accuracy (Mi-Acc), and Fl-score
(F1). Micro accuracy reflects the overall performance, while
macro accuracy provides a balanced measure that gives equal
weight to both frequent and rare classes.

The results in Table 2 reveal a clear performance gap.
The simple transfer-learning approach was effective on the
reference benchmarks; ViT-b16 achieved over 92% micro-
accuracy, a result close to literature reports [Hu et al., 2023;
Amirkhani and Barshooi, 2023]. In contrast, classifiers per-
formed worse on UFPR-VeSV dataset due to its challenging
nature and more realistic evaluation setting. This highlights
that benchmarks with limited diversity risk producing opti-
mistic evaluations that do not reflect practical performance.

I A file specifying all parameters of the data augmentation pipeline will
be included with the dataset release.
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Table 2. Performance metrics (%) achieved by all classifiers using
the transfer-learning approach on the Chen et al. [2014] dataset (ve-
hicle color recognition), the CompCars dataset [Yang et al., 2015]
(vehicle model recognition), and the proposed UFPR-VeSV dataset
(vehicle color, make, model, and type recognition). Results on the
proposed dataset are averaged over ten runs, with standard devia-
tions shown in parentheses.

Results for color [Chen et al., 2014] and model [Yang et al., 2015] recognition benchmarks.
Chen etal. [2014] CompCars [Yang et al., 2015]

Classifier

Mi-Acc Ma-Acc F1 Mi-Acc Ma-Acc F1
EfficientNet-V2 85.5 85.6 86.8 73.5 70.5 72.2
MobileNet-V3 88.1 90.2 90.4 82.0 79.2 81.2
ResNet-50 92.7 93.4 93.8 87.4 82.5 85.0
Swin Transformer-V2 91.8 93.0 93.6 92.4 89.0 90.1
ViT-bl6 929 93.5 94.0 94.6 929 93.9
Results on the UFPR-VeSV dataset.
Classifier UFPR-VeSV Color UFPR-VeSV Type

Mi-Acc Ma-Acc F1 Mi-Acc Ma-Acc F1
EfficientNet-V2 77.8(0.6) 46.1(1.7) 47.0(1.8) 75.2(0.5) 55.6(2.7) 59.7(2.7)
MobileNet-V3 81.0(0.5) 50.9(1.4) 53.2(1.6) 76.9(0.3) 56.4(2.0) 61.4(2.6)
ResNet-50 83.2(0.5) 54.2(0.8) 56.6(1.1) 81.7(0.4) 654 (1.7) 70.4(1.4)
Swin Transformer-V2  87.2 (0.4) 56.5(1.5) 60.2(1.7) 84.4(0.7) 72.8(1.8) 76.8(1.9)
ViT-bl6 875(0.4) 60.2(1.8) 63.3(1.6) 863(0.7) 750(2.7) 77.1(23)

UFPR-VeSV Make UFPR-VeSV Model
Mi-Acc Ma-Acc F1 Mi-Acc Ma-Acc F1

42.6(0.6) 23.7(0.9) 24.1(0.9) 353(0.7) 21.5(0.8) 22.6(0.8)

Classifier

EfficientNet-V2

MobileNet-V3 45.7(1.0) 263 (1.3) 28.4(1.4) 40.8(0.7) 252(1.0) 27.7(1.2)
ResNet-50 51.0(1.3) 309 (1.3) 33.4(13) 46.8(0.9) 28.1(0.7) 30.4(0.9)
Swin Transformer-V2 ~ 51.6 (1.0)  32.0 (1.2) 32.7(1.4) 49.8(0.7) 32.8(1.1) 34.8(1.0)
ViT-b16 58.1(0.5) 39.1(1.1) 420(1.0) 57.4(1.3) 40.8(1.1) 43.7(14)

5 Fine-grained Vehicle Classification

This section establishes the FGVC performance baseline on
the UFPR-VeSV dataset. The analysis is split into two parts.
In Section 5.1, we benchmark five deep learning classifiers
for color, make, model, and type recognition and analyze the
results for each task individually. In Section 5.2, we use the
predictions from the best-performing classifier to analyze the
results when these tasks are considered in combination.

5.1 Single-Task Analysis

This section establishes the FGVC baseline on the UFPR-
VeSV dataset. Unlike the transfer-learning strategy in Sec-
tion 4.2, we now employ an end-to-end fine-tuning strat-
egy for five deep learning architectures: EfficientNet-V2,
MobileNet-V3, ResNet-50, Swin Transformer-V2, and ViT-
b16. The splitting protocol, loss function, and evaluation met-
rics remain consistent with the prior qualitative analysis.

All classifiers were initialized with ImageNet pre-trained
weights, and all layers were set as trainable. Training was
conducted for up to 500 epochs, with early stopping halting
the process after 30 epochs without validation improvement.
We used the Adam optimizer (3, = 0.9, 85 = 0.999) with a
5 x 10~* weight decay and a 64 batch size. The initial learn-
ing rate was 1072, reduced by a factor of 10 after 20 epochs
of stagnant validation loss.

A comprehensive data augmentation pipeline was applied
during training to enhance generalization. This included ran-
dom resized cropping (224 x 224 pixels), random horizontal
flipping, and RandAugment [Cubuk ef al., 2020] (two trans-
formations, intensity 9). For inference, images were also re-
sized to 224 x 224 while preserving their aspect ratio. As a
final preprocessing step, all images were normalized using
the standard ImageNet mean and standard deviation.



Table 3 presents the performance of each classifier across
the FGVC tasks. For the attention-based models (ViT and
Swin Transformer), the results shown are from the transfer-
learning approach (Section 4.2), as this strategy yielded supe-
rior performance. We attribute this is because the large data
requirements of transformers can limit generalization when
all layers are fine-tuned.

Table 3. Performance metrics (%) achieved by all classifiers using
the end-to-end fine-tuning approach on vehicle color, make, model,
and type recognition (averaged over 10 runs). Standard deviations
are shown in parentheses.

UFPR-VeSV Color UFPR-VeSV Type

Classifier

Mi-Acc Ma-Acc F1 Mi-Acc Ma-Acc F1
EfficientNet-V2 935(0.6) 71.5(2.3) 73.8(23) 96.1(0. 7) 89.0 (2.0) 90.2(1.6)
MobileNet-V3 932 (0 7) 712(29) 73.2(25) 90 2 85.6 (1.9) 87.4(1.6)

)

) (0.7
ResNet-30 93.1(0.4) 69.6(2.6) 71.8(2.3) 5(0.6) 86.8(23) 88.4(1.9)
Swin Transformer-V2  87.2 (0.4)  56.5 (1.5)  60.2 (1 7) 84 P (0. 67 72.8(1.8) 76.8(1.9)
ViT-b16 87.5(0.4) 60.2(1.8) 63.3(1.6) 86.3(0.7) 75.0(27) 77.1(2.3)

UFPR-VeSV Make UFPR-VeSV Model

Classifier

Mi-Acc Ma-Acc F1 Mi-Acc Ma-Acc F1
EfficientNet-V2 94.4(0.6) 85.0(1.6) 864(14) 909(0.6) 86.2(1.1) 87.3(0.8)
MobileNet-V3 91.3(0.7) 78.01.7) 80.21.4) 86.5(0.8) 79.2(1.2) 80.9(1.1)

ResNet-50 93.6 (0.5) 83.5(1.7) 85.0(1.1)
Swin Transformer-V2  51.6 (1.0) 32.0 (1.2) 32.7 (1.4)
ViT-b16 58.1(0.5) 39.1(1.1) 42.0 (1.0)

89.9(0.9) 84.6(1.2) 85.7(0.8)
49.8(0.7) 32.8(1.1) 34.8(1.0)
57.4(1.3) 40.8(1.1) 43.7(1.4)

A general trend across all classifiers was the significant
gap between micro-accuracy and the macro metrics (macro-
accuracy and F1-score). This discrepancy is an expected re-
sult of the dataset’s severe class imbalance, which causes
classifiers to perform well on frequent classes but struggle
with underrepresented ones. With this in mind, we selected
EfficientNet-V2 for a detailed analysis to identify the spe-
cific challenges for each task, as it achieved the best perfor-
mance across the experiments.

In color recognition, the classifier performed worst for
beige, brown, blue, green, and gray. This is likely due to light-
ing variations and close shade similarities, such as darker
shades appearing black or lighter beige appearing silver. The
“multicolored” class was also challenging, with the classi-
fier often predicting one of the vehicle’s colors. This error is
attributed to image perspective and illumination conditions
that can make one color appear dominant (see Figure 9).

(o D—

(b) Black
Figure 9. Examples of misclassified multicolored vehicle from different
viewpoints. The predicted color is shown below each image. Depending

on the camera angle and illumination, a single color can appear dominant,
which causes the classifier to classify the vehicle based on that one color.

(a) Red

For make recognition, the “others” class had the lowest
performance (=~ 30%). This suggests that a superclass for
less common makes is ineffective, highlighting the need
for out-of-distribution methods. Another common source of
error was inter-manufacturer confusion for similar vehicle
types; for example, Land-Rover which primarily sells SUVs
in Brazil was often misclassified by more representative
SUV manufacturers.

In vehicle model recognition, three primary sources of er-
ror were identified. First, a single vehicle platform is often
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sold in multiple body-style variants (e.g., sedan, hatch, com-
pact pickup) that are visually similar, especially from the
front. Second, some models are sold under different names
by different manufacturers in Brazil (see Figure 10). Finally,
a consistent design language across different models from
the same make also contributed to errors.

(b) Fiat Ducato

Figure 10. Examples of misclassified vehicle models from different manu-
facturers. Original make and model are displayed below each image. In (a),
a rear-view Boxer was misclassified as a Ducato, while in (b) a rear-view
Ducato was misclassified as a Boxer. Aside from minor brand-specific mark-
ings, the vehicles have a very similar structure, making accurate differenti-
ation challenging.

(a) Peugeot Boxer

In type recognition, misclassifications were frequent be-
tween related types, such as scooter versus motorcycle and
truck classes (i.e., compact-truck, tractor-truck, and truck).
Another common error was the confusion of semi-trailers
with trucks, as their images typically include the towing
truck. Finally, compact-pickups and cars were also confused
when derived from the same base vehicle platform.

The preceding analysis highlighted the difficulty of dis-
tinguishing similar vehicles under challenging real-world
FGVC conditions. However, relying on a single prediction is
often insufficient for practical applications, especially in pub-
lic security (e.g., criminal investigation or forensics), where
a limited set of high-probability candidates is more useful
than a single classification. Therefore, the performance of
EfficientNet-V2 was further analyzed using top-1, top-2, and
top-3 predictions, as detailed in Table 4.

Table 4. Top-1, top-2, and top-3 performance metrics (%) for
EfficientNet-V2 on vehicle color, make, model, and type recogni-
tion (UFPR-VeSV). Results are reported as the mean over 10 runs.
Standard deviations are in parentheses.

Task Top-1 Top-2 Top-3
Mi-Acc  Ma-Acc Fl Mi-Acc  Ma-Acc FI Mi-Acc  Ma-Acc Fl
Color  93.5(0.6) 71.5(2.3) 73.8(2.3) 98.0(03) &7.0 (1 7)) 89.4(15) 99.1(0.1) 935 (14) 950 (1.0)
Make 944 (0.6) 85.0(1.6) 86.4(14) 96.8(0.4) 90.8(1.3) 9L6(13) 97.8(03) 929(13) 93.7(1.2)
Model  90.9 (0.6) 86.2(1.1) 87.3(0.8) 95.3(0.5) 91.5(1.1) 92.3(0.9) 96.7(0.5) 93.8(0.9) 94.5(0.7)
Type  96.1(0.7) 89.0(20) 90.2(1.6) 992(0.2) 97.2 u 2) 97.7(0.8) 99.7(0.1) 98.9(0.8) 99.0 (0.6)

The improvement in top-k metrics demonstrates that the
correct classification is frequently included within the top
three candidates. This suggests the classifier is partially ro-
bust to the dataset’s inherent ambiguities, a finding with prac-
tical implications for the deployment of real-world systems.
However, substantial room for improvement remains, partic-
ularly in the macro-accuracy metrics for color, make, and
model recognition.

A broader analysis of classification errors revealed that
nighttime infrared images were a principal source of misclas-
sification. Despite representing only 21.5% of the dataset,
these images contributed to 53.4%, 42.9%, and 39.4% of to-
tal top-1 errors for make, model, and type recognition, respec-
tively. The issue persisted even in the top-3 analysis, where
this condition accounted for &~ 60% of the remaining errors



for the same tasks.

In contrast to the clear negative impact of infrared con-
ditions, viewpoint had a mixed effect on performance. The
frontal view improved make recognition, likely due to the
visibility of the manufacturer’s badge. Conversely, this view
was less effective for model and type recognition, as it offers
fewer distinguishing features.

5.2 Joint-Task Analysis

The previous section established baselines by evaluating the
color, make, model, and type recognition tasks in isolation.
However, this information is semantically connected: a hier-
archical relationship exists between make, model, and type,
while color is an orthogonal property. Moreover, in practi-
cal surveillance applications, queries can range from a sin-
gle attribute (e.g., “blue cars”) to a complex, multi-attribute
conjunction (e.g., “blue Ford models”).

Therefore, this work also evaluates simultaneous accuracy
to measure performance on these conjunctive tasks. Using
the predictions from the previously trained EfficientNet-V2
classifiers (the best performing method), this metric is de-
fined as the percentage of images for which all attributes
within a specified set are correctly predicted. Table 5 il-
lustrates how this metric changes as the set of required at-
tributes expands. The expansion follows the logical “type-
make-model” hierarchy, with the independent “color” at-
tribute included as the final component.

Table 5. EfficientNet-V2 simultaneous accuracy (%) for conjunc-
tive attribute recognition, detailing the performance as the set of
required attributes expands. Results are reported as mean (standard
deviation in parentheses) over 10 runs.

Attribute set Accuracy
Type 96.1 (0.7)
Type & Make 91.5 (1.0)
Type & Make & Model 85.5 (1.1)
Type & Make & Model & Color  80.2 (1.2)

As shown in Table 5, simultaneous accuracy predictably
degrades as more attributes are required, a drop attributed to
the compounding of individual error rates. This highlights a
significant gap: while single-task accuracy can exceed 90%
(Table 3, Section 5.1), the ability to produce a simultaneously
correct vehicle description remains a challenge, underscor-
ing the need for improved joint-task recognition.

Beyond this performance degradation, the isolated train-
ing/evaluation approach introduces a more critical issue: log-
ically inconsistent predictions. The vehicle attributes are se-
mantically bound; for example, the “Fiat Ducato” model in-
herently belongs to the “Fiat” make. Because the classifiers
were trained independently, they are unaware of these depen-
dencies. This leads to nonsensical outputs, such as 2.9% of
predictions where the model was correctly identified, but its
corresponding make was not.

Such inconsistencies represent a critical failure in a practi-
cal system. This issue is explained by the classifiers learn-
ing different, independent features for each task. We con-
firm this divergence by Grad-CAM [Selvaraju et al., 2017]
attention map analysis, which shows that the make recogni-
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tion focuses primarily on the manufacturer’s badge, while the
model recognition relies on other features, such as headlights
(see an example in Figure 11). Thus, make recognition could
fail if the badge is hidden or blurry, while model recognition
can still succeed if its required features remain visible.

. >

(a) Original (b) Make (¢) Model
Figure 11. Grad-CAM [Selvaraju et al., 2017] attention maps for a Volkswa-
gen Parati. (a) Original image. (b) The make recognition map, focusing on
the manufacturer’s badge. (c) The model recognition map, relying on other
features, such as the headlights.

This analysis reveals a key limitation for practical FGVC:
isolated models are insufficient, as they can produce logi-
cally inconsistent results. Methods must, therefore, enforce
hierarchical consistency. Multi-task learning is a promising
solution, as it would require the classifier to learn shared rep-
resentations that explicitly encompass this hierarchy, which
would reduce or eliminate such contradictions.

6 ALPR and FGVC Integration

This section evaluates ALPR and its integration with FGVC.
These two tasks are crucial for vehicle identification but are
often studied independently, missing their combined poten-
tial. First, Section 6.1 establishes an LPR baseline by assess-
ing the performance of two state-of-the-art optical charac-
ter recognition methods on the UFPR-VeSV dataset. Follow-
ing this, Section 6.2 analyzes the potential of a joint system,
quantifying how FGVC can serve as a support mechanism to
enhance ALPR robustness.

6.1 License Plate Recognition

This experiment assessed the performance of two opti-
cal character recognition methods on the LPs extracted
from the UFPR-VeSV images: GP-ALPR [Liu et al., 2024]
and ParSeq-Tiny [Bautista and Atienza, 2022]. GP-ALPR
is specifically designed to handle irregular LPs using de-
formable spatial attention and global perception modules.
ParSeq-Tiny is a general scene text recognition method
that combines context-free non-autoregressive and context-
aware autoregressive inference through permutation lan-
guage modeling.

These models were selected for their state-of-the-art per-
formance, widespread adoption in prior research [Nasci-
mento et al., 2024; Du et al., 2025], and public availability,
which facilitates reproducibility. Both models were trained
from scratch in accordance with the original methodologies
proposed by their respective authors. Their performance was
evaluated using two metrics: LP-level accuracy, which re-
flects the percentage of LPs correctly recognized in their en-
tirety, and character-level accuracy, which measures the pro-
portion of individual characters accurately identified.



Table 6 compares the LPR results for GP-ALPR and
ParSeq-Tiny. The latter achieved the highest performance,
with an average LP-level accuracy of 98.0%. This high ac-
curacy was an expected outcome; FGVC annotations were
primarily based on official vehicle data retrieved using the
LPs, thus ensuring that all LPs are human-recognizable in
some form.

Table 6. Comparison of LP-level and character-level accuracy (%)
achieved by the GP-ALPR and ParSeq-Tiny models on the UFPR-
VeSV dataset for the LPR task. Results represent the average per-
formance over 10 runs using different dataset splits, with standard
deviations reported in parentheses.

Model LP-level accuracy  Char-level accuracy
GP ALPR 93.8 (0.3) 98.7 (0.1)
ParSeq-Tiny 98.0 (0.4) 99.7 (0.1)

Despite the high accuracy, ParSeq-Tiny — the best-
performing method — still failed in specific scenarios, as
shown in Figure 12. The errors highlight persistent chal-
lenges, including highly degraded or low-contrast characters,
illumination obstructions, excessive blurring, and physically
deformed LPs. Low image quality led to confusion between
structurally similar characters, such as “H” for “M” and “M”
for “N”. Finally, infrared images were a significant source of
failure, accounting for 46.2% of all misrecognitions.
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Figure 12. Example of misrecognized LPs. For each image, the ground-truth
label is shown above the model’s prediction, with incorrectly recognized
characters highlighted in red. The failure cases include severely degraded
characters (a, h, 1), illumination-induced obstructions (b), low-contrast char-
acters (c, j), blurring (d, g), and physically deformed LPs (e, f).

6.2 Joint System Analysis

The previous section showed that baseline LPR methods can
produce errors that compromise vehicle identification. To ad-
dress this, this section analyzes the potential for an FGVC
system to function as a support mechanism to enhance ALPR
robustness. This analysis establishes a clear path toward uni-
fied systems by showing their benefits and challenges.

To evaluate the joint system’s performance, we established
a clear methodology. First, we used the predictions from the
best-performing methods identified in the previous sections:
ParSeq-Tiny for LPR and EfficientNet-V2 for FGVC tasks.
Second, we defined a “correct FGVC set.” This term is used
for metric computation and means that all attributes within
a specific combination were predicted correctly for a given
image. Based on this, we defined three metrics that reflect a
practical application scenario.

* Validation Rate P(FGVC set correct | LPR correct):
Measures how often the FGVC support system agrees
with a correct LPR prediction.
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+ Conflict Rate P(FGVC set incorrect | LPR correct):
Quantifies how often the FGVC support system predicts
at least one attribute incorrectly, conflicting with the
correct LPR.

* Recovery Rate P(FGVC set correct | LPR incorrect):
Measures how often the FGVC support system correctly
identifies all vehicle attributes, given the LPR fails.

The results in Table 7 reveal an expected trade-off. As
more FGVC attributes are required, the Validation and Re-
covery Rates decrease while the Conflict Rate increases.
This is a direct consequence of the cumulative error chal-
lenge identified in Section 5.2, amplified by our strict con-
dition that a single attribute error fails the entire FGVC set.
This methodology explains why the most demanding five-
attribute combination yields the worst rates.

Table 7. Performance metrics of the integrated ALPR-FGVC sys-
tem. All values are percentages (%). Validation and Conflict Rates
are conditional on a correct LPR; Recovery Rate is conditional on
an incorrect LPR. Results are reported as mean (standard deviation
in parentheses) over 10 runs.

Validation Conflict Recovery
Tasks Rate T Rate | Rate T
LPR & Color 93.6 (0.5) 6.5 (0.5) 92.7 (0.7)
LPR & Make 94.6 (0.5) 5.4 (0.5) 85.7 (0.8)
LPR & Model 91.1 (0.6) 8.9 (0.6) 82.1(1.4)
LPR & Type 96.2 (0.6) 3.8(0.6) 92.1(0.9)
LPR & Color & Make 88.7 (0.7) 11.3 (0.7) 80.1 (0.9)
LPR & Color & Model 85.4 (0.8) 14.6 (0.8) 76.8 (1.4)
LPR & Color & Type 90.2 (0.7) 9.8 (0.7) 85.5 (0.9)
LPR & Make & Model 88.2 (0.8) 11.8 (0.8) 75.7 (1.3)
LPR & Make & Type 91.8 (0.9) 8.2(0.9) 80.1 (1.2)
LPR & Model & Type 88.9 (1.0) 11.1 (1.0) 78.7 (1.5)
LPR & Color & Make & Model 82.8 (0.9) 17.2 (0.9) 71.1(1.2)
LPR & Color & Make & Type 86.1 (1.0) 13.9 (1.0) 75.0 (1.2)
LPR & Color & Model & Type 83.4 (1.0) 16.6 (1.0) 73.5 (1.4)
LPR & Make & Model & Type 86.4 (1.1) 13.6 (1.1) 72.9 (1.3)
LPR & Color & Make & Model & Type ~ 81.1 (1.1) 18.9 (1.1) 68.4 (0.7)

Despite the trade-off, the results demonstrate the system’s
powerful capability as a fail-safe. The Recovery Rate shows
that even in the strictest case, the FGVC system correctly
identified a complete vehicle description in 68.4% of LPR
failures. This information is invaluable for practical use, al-
lowing for cross-checking official records or flagging an
LPR output as erroneous.

The results also highlight a trade-off between reliability
and robustness. Relaxing the FGVC set to a single attribute
yields high reliability; for instance, the “LPR + Type” con-
figuration had the highest Validation Rate (96.2%) and the
lowest Conflict Rate (3.8%). However, this approach lacks
robustness. A single attribute like “Type” can be misleading,
as a misrecognized LP might coincidentally match a database
record for a different vehicle sharing the same type. In con-
trast, a multi-attribute set provides a more helpful descrip-
tor (e.g., “Car, Fiat, Uno, White”) that reduces the likelihood
of such a false match. Therefore, while this multi-attribute
check is currently less reliable, it represents the desirable
goal for a unified system.

Furthermore, FGVC can also function as a fail-safe in sce-
narios where an ALPR-only system would fail completely.
In real-world surveillance, factors like headlight glare or oc-
clusion can render an LP illegible. In these cases, the FGVC
system can still be used to analyze the vehicle image and



provide valuable information. Figure 13 shows illustrative
examples of such scenarios.

~ Wl

(b) White Chevrolet Celta

(a) Color unk. Fiat Palio
Figure 13. Examples of ALPR failures where the LP is illegible due to
(a) light glare and (b) occlusion. Despite these failures, our FGVC classifier
acts as a fail-safe, correctly identifying the type, make, and model for both
vehicles. Color recognition is correct for (b), while the infrared image (a) is
classified as “unknown” due to the absence of color information.

Finally, we acknowledge this initial analysis has some lim-
itations. First, our methodology relied on two simplifications:
our “correct FGVC set” definition was a strict condition, and
we used ground truth to identify errors. A practical system
should be able to leverage partially correct information and
must employ a conflict arbitration method (like confidence
scores) to decide whether to trust the LPR or the FGVC out-
comes. Second, our analysis is dataset-limited and we could
not assess the “false match risk” — where an incorrect LPR
might coincidentally retrieve a vehicle record that matches
the FGVC output. Evaluating this risk requires access to an
entire official vehicle database (including LP and attribute
records) and remains a key direction for future research.

7 Conclusions

In this work, we introduce UFPR-VeSV, a public dataset
for FGVC and ALPR research in surveillance scenarios. It
contains annotations for 13 vehicle colors, 26 manufactur-
ers, 136 models, and 14 types (all validated against official
records), plus LP text labels and corner annotations. A quan-
titative and qualitative analysis confirms the dataset captures
challenging real-world conditions. As the first of its kind,
UFPR-VeSV supports both independent and combined re-
search in FGVC and ALPR.

Benchmark experiments for vehicle color, make, model,
and type recognition were conducted, with EfficientNet-V2
achieving the best overall performance. All recognition tasks
achieved micro-accuracy scores above 90%. Despite this per-
formance, an error analysis revealed remaining challenges
that warrant further attention, including infrared images,
multicolored vehicles, and distinguishing similar body-style
model variants.

Furthermore, our analysis of joint FGVC tasks revealed
that combining attributes reduces simultaneous recognition
rates and leads to inconsistent predictions, such as a correct
model with an incorrect make. A promising solution is to
replace isolated classifiers with a multi-task learning [Caru-
ana, 1997] framework. This approach can enforce hierarchi-
cal consistency and leverage natural correlations to enhance
generalization across tasks.

We also benchmarked two methods for the LPR task.
ParSeq-Tiny achieved the highest recognition rate, exceed-
ing 98%. Nonetheless, error analysis revealed areas for im-
provement, particularly in handling distorted or physically
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deformed LPs. Building on this, we explored the combined
use of FGVC and LPR, demonstrating that FGVC functions
as fail-safe. Our results showed that even in the strictest case,
the FGVC system provided a complete, correct vehicle de-
scription for ~ 68% of LPR failures.

Note that the UFPR-VeSV dataset’s focus on high qual-
ity FGVC annotations — relying on official records retrieved
from LP information — means it does not fully capture the
challenges of unconstrained ALPR. In such scenarios, sys-
tems face significant legibility issues, as over 25% of images
are inadequate for recognition [Wojcik et al., 2025]. This fur-
ther highlights the importance of our proposed ALPR-FGVC
integration, which can help validate correct recognitions or
reject unreliable outputs. Both actions are crucial for reduc-
ing false positives.

Future research is needed to develop methods for weigh-
ing predictions from different recognition systems and as-
sessing their reliability. A promising solution is selective pre-
diction [Geifman and El-Yaniv, 2017], but this necessitates
classifier calibration, as standard confidence scores are of-
ten overconfident [Guo et al., 2017; Minderer et al., 2021,
Laroca et al., 2023b]. Extending these ideas to top-k settings
also raises open questions, such as how to handle illogical
Make—Model combinations in joint FGVC tasks or how to
define top-k predictions in ALPR (e.g., at the character level
or for entire sequences). A thorough exploration of these is-
sues remains an important direction for future work.

Looking ahead, we plan to release a large-scale dataset
inspired by UFPR-VeSV, comprising over a million surveil-
lance images with greater diversity and more unconstrained
conditions — especially for advancing ALPR research in
such scenarios. This new dataset will likely feature semi-
automatically generated annotations, highlighting the need to
explore strategies for effectively training models with noisy
or coarse labels [Lucio et al., 2019], while striking a balance
between annotation efficiency and recognition performance.
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